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Abstract
Quantitative analyses of brain structures from Magnetic Resonance (MR) image data are often 
performed using automatic segmentation algorithms. Many of these algorithms rely on templates 
and atlases in a common coordinate space. Most freely available brain atlases are generated from 
relatively young individuals and not always derived from well-defined cohort studies. In this 
paper, we introduce a publicly available multi-spectral template with corresponding tissue 
probability atlases and regional atlases, optimised to use in studies of ageing cohorts (mean age 
75±5 years). Furthermore, we provide validation data from a regional segmentation pipeline to 
assure the integrity of the dataset.
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Over the last two decades, a number of methods have been introduced to map the human 
brain. Many of these use atlas based techniques to analyse the brain functionally and 
structurally (Seitz et al., 1990; Roland et al., 1994; Mazziotta et al., 2001; Toga and 
Thompson, 2001; Thompson et al., 2001).
Average intensity atlases describe the average signal intensity in a common coordinate space 
and are often constructed from T1-weighted Magnetic Resonance Image (MRI) scans and 
referred to as standard “templates”. They can either be constructed using a linear or a non-
linear transformation of the individual subjects to the common space, where the images are 
averaged. Many of these are symmetrical, meaning the left and the right hemispheres are 
forced to be mirror images. The most commonly used of these is the ICBM152 standard 
template, typically used as a registration target in functional and structural group studies. 
This template was constructed using 152 brain scans acquired at the Montreal Neurological 
Institute for the International Consortium for Brain Mapping (ICBM) project. It is the 
successor to the older MNI305 template, which was built by averaging 305 linearly 
registered T1-weighted MR scans. The ICBM152 template is available in both linear and 
non-linear, symmetric and asymmetric versions, and includes T1-, T2-, PD-weighted 
intensity atlases and tissue probability atlases (Mazziotta et al., 1995; Fonov et al., 2009, 
2011). Tissue probability atlases describe the likelihood that a certain voxel in a template 
space belongs to a specific tissue. These tissue probability atlases can be used as priors in 
the tissue segmentation of grey matter (GM), white matter (WM) and cerebrospinal fluid 
(CSF) in individual subjects (Ashburner and Friston, 1997). Regional atlases divide the brain 
into a number of brain regions and can describe which region is most likely for each voxel in 
the brain. These can be used for regional segmentation of individual subjects or as a 
reference atlas in template space. Regional segmentation can be achieved by warping 
regions of interest from atlas space to the individual subjects, possibly while further 
improving the segmentation by taking into account the classified tissues in subject space 
(Collins 1999).
One commonly used regional atlas is the AAL-atlas (Tzourio-Mazoyer et al., 2002), which 
is part of the IBASPM toolbox1 for the SPM software package2. This atlas is based on the 
MNI single-subject template and consists of 90 anatomical regions. Another single-subject 
based atlas is the MNI structural atlas. In this atlas, the labels are non-linearly registered to 
the structural images of more than 50 subjects and then transformed to ICBM152 space to 
finally produce the max-likelihood atlas, thereby taking into account the morphometric 
variability across subjects (Mazziotta et al., 2001). This atlas is part of the collection of 
atlases that come with the FMRIB Software Library (FSL)3 (Smith et al., 2004). An 
alternative atlas is the LONI Probabilistic Brain Atlas (LPBA40), which consists of 56 
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2008). In this atlas, the structures where manually labelled in each subject after registration 
to the MNI305 template to form the regional atlas.
A number of studies have identified a need for population-specific brain templates and 
atlases. For instance, Machilsen et al. (2007) showed that the ICBM152 template is not ideal 
for pediatric studies since it may introduce inaccuracies or bias in the spatial normalisation. 
This problem was addressed by creating unbiased age-appropriate pediatric tissue 
probability atlases (Fonov et al., 2011). Similarly for ageing studies, Mega et al. (2005) have 
created a probabilistic brain atlas from an elderly cohort with dementia, which is better 
suited for studying Alzheimer’s disease. Also, in voxel-based morphometry (VBM) studies, 
it is common practise to create study-specific templates to avoid registration bias (Good et 
al., 2001). In ageing studies, another potential bias is the misclassification of brain tissue due 
to white matter lesions. These lesions appear as white matter hyperintensities (WMH) in T2-
weighted and FLAIR images and as hypointensities in the T1-weighted image, which may 
lead to overestimation of grey matter in white matter regions when only relying on T1-
weighed images (Levy-Cooperman et al., 2008). Bias may therefore be introduced in both 
tissue atlases and regional atlases when using automatic tissue segmentation to delineate 
between grey matter and white matter regions.
The aim of this study was to create a multi-purpose brain template and atlases in a common 
non-linear space made specifically for ageing research, which can be used for a variety of 
research studies. For this need, we created a multi-spectral template consisting of T1-, T2-, 
PD-weighted, and FLAIR images along with corresponding tissue probability atlases (CSF, 
GM, normal-WM, and WMH) from 314 subjects (mean age 75±5 years), and a regional 
atlas for each tissue (CSF, GM, WM) based on an automatic regional segmentation of the 
314 subjects, initiated by the manual labelling of 4 subjects warped into template space. We 
addressed the problem of hypo-intensed white matter lesions in T1-weighted images by 
taking these into account as a fourth tissue class in the generation of the atlas. The regional 
atlases can be used for both regional segmentation on individual level and as lookup-atlases 
in a common coordinate space for group comparisons from VBM studies. The multi-spectral 
template can be used as a common registration target for ageing research, and the tissue 
probability atlases can be used both as tissue priors and as registration targets between tissue 
probability atlases from different spaces. For the purpose of validating the integrity of the 




The AGES-Reykjavik Study cohort consists of 5764 participants, 4811 of which underwent 
brain MRI. All MRI scans were processed using the tissue segmentation pipeline described 
by Sigurdsson et al. (2012). Of these, 4614 scans passed quality control of the automatic 
brain tissue segmentation (1934 men, 2680 women, mean age 76 ± 6 years). For the purpose 
of constructing a population average, 400 subjects were initially randomly selected from the 
4811 subjects, out of which 86 subjects were subsequently removed due to large brain 
infarcts or poor quality in the tissue segmentation, leaving a pool of 314 scans (124 men, 
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190 women, mean age 75 ± 5 years, age range 66 to 92 years). Being part of the population, 
the decision was to include cases with dementia and MCI (Mild Cognitive Impaired) if they 
were selected by the random selection process. The 314 scans were used to construct an 
anatomical minimum-deformation template (Fonov et al., 2011) and to generate both 
probabilistic tissue atlases and regional max-likelihood atlases. Another group of 31 subjects 
from the cohort of 4614 subjects with valid scans were randomly selected for reproducibility 
experiments (18 men, 13 women, mean age 75 ± 5). This group underwent a same-day 
repeat scan, where the subjects were removed from the scanner between scans. These data 
were used for reproducibility testing. Finally, another 7 scans were randomly selected from 
the 4614 and manually segmented into 56 anatomical regions-of-interest (see Table 3 for the 
list of regions), where 4 subjects (2 men, 2 women, mean age 74) were used to construct the 
initial atlas and 3 subjects (1 man, 2 women, mean age 80) were used for accuracy testing. 
Subjects that were used for reproducibility testing or accuracy testing were not part of the 
314 subjects used to generate the template and the regional atlas.
All MR images were acquired using a dedicated General Electrics 1.5-Tesla Signa Twin-
speed EXCITE system (Waukesha, WI) with a multi-channel phased array head cap coil, 
using the following image parameters: T1-weighted (TE, 8 ms; TR, 21 ms; FA, 30°; FOV, 
240 mm; matrix, 256×256) with 1.5 mm slice thickness and 0.94 mm × 0.94 mm in-plane 
pixel size, proton density (PD)/T2-weighted fast spin echo (FSE) sequence (TE1, 22 ms; T2, 
90 ms; TR, 3220 ms; echo train length, 8; FA, 90°; FOV, 220 mm; matrix, 256×256), and 
fluid attenuated inversion recovery (FLAIR) sequence (TE, 100 ms; TR, 8000 ms; inversion 
time, 2000 ms, FA, 90° ; FOV, 220 mm; matrix, 256×256). Proton density (PD)/T2-weighted 
and FLAIR were acquired with 3 mm slice thickness and 0.86 mm × 0.86 mm in-plane pixel 
size.
2.2. Image pre-processing and tissue segmentation
The MR images were processed through a tissue segmentation pipeline, described in detail 
by Sigurdsson et al. (2012). In brief, the T1-, T2-, PD-weighted, and FLAIR images were 
first each corrected for signal non-uniformity using the N3 algorithm (Sled et al., 1997). 
Skull removal was done using BET (Brain Extraction Tool) (Smith, 2002). The T2-, PD-
weighted and FLAIR images were co-registered to the T1-weighted image and the image set 
was subsequently spatially normalised to the MNI-ICBM152 template (Mazziotta et al., 
1995) using a multi-resolution optimization algorithm yielding a 9-parameter affine 
transformation (Collins et al., 1994). Using this affine spatial transform, the images were 
resampled to a 1 mm isotropic resolution, linearly intensity-normalised, and used as input to 
a trained artificial neural network tissue classifier (Zijdenbos et al., 2002) to segment the 
brains into cerebrospinal fluid (CSF), grey matter (GM), normal white matter (NWM), and 
white matter hyperintensities (WMH) (Sigurdsson et al., 2012). White matter (WM) was 
regarded as NWM+WMH. The final tissue segmentation and skull removal results were 
quality controlled through visual inspection of each subject. In the following, the term “MNI 
space” will be used to denote the 1mm isotropic sampling lattice of the spatially normalised 
images.
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To obtain an unbiased registration- and segmentation template image representative of the 
AGES population, a minimum-deformation T1-weighted template was generated from the 
314 intensity normalised, T1-weighted images in MNI space, using the methodology 
described by Fonov et al. (2011). In brief, this method cycles through registration- and 
averaging phases; in the registration phase, each image is registered to the voxel-wise image 
average generated in the previous cycle. In order to remove any left-right differences in the 
template, each image average was explicitly symmetrised by averaging it with a left-right 
flipped version of itself. The procedure was initialised by first creating a voxel-wise average 
from the MNI space spatially normalised T1-weighted images of the 314 template subjects. 
Following the initial linear registration phase, subsequent registration phases were 
performed using non-linear registration through the estimation of a deformation field with 
the ANIMAL tool (Collins et al., 1995). As is commonly done in non-linear registration, the 
source- and target images were blurred using a Gaussian kernel with a full width at half 
maximum (FWHM) ranging from 8 mm to 1 mm, allowing for a multi-resolution approach 
to the spatial deformation through the registration/averaging cycles (Collins and Evans, 
1997). To improve convergence, the registration/averaging cycle was repeated twice for the 
early registration phases and four times for the later registration phases as shown in Table 1.
In order to assess convergence, the standard deviation volume was calculated at each 
iteration. The standard deviation is expected to decrease across iterations, as the individual 
deformed images align better. The iterative procedure was monitored to ensure that the 
standard deviation monotonically decreased and thus that the process converged. The 
resulting minimum-deformation template is shown in Figure 5, and defines the “AGES 
space.”
The final subject-to-template deformations were also used to warp and construct 
corresponding T2-weighted, PD-weighted and FLAIR templates as well as tissue probability 
atlases. The templates were constructed by warping the images to AGES space where they 
were symmetrised and averaged; together with the T1-weighted template, they are part of 
the same multi-spectral template. The same procedure was used to warp each subject’s CSF, 
GM, NWM, and WMH segmentations to AGES space and construct corresponding global 
tissue probability atlases, where each voxel in a specific tissue probability atlas has a 
probability value between 0 and 1.
2.4. Regional atlas generation
To generate an anatomical atlas, 56 anatomical regions-of-interest (ROIs; see Table 3) were 
manually labelled on the MRI scans of 4 subjects by an anatomical expert using an in-house 
developed labelling tool. Rather than using the same regions as those from an already 
existing atlas, the decision was to include larger regions found to be important in ageing 
research, such as hippocampus, while avoiding smaller regions where the level of granularity 
may result in poor accuracy. The anatomical border definitions for the regions were based on 
Duvernoy’s brain atlas book (Duvernoy, 1999). In order to make the labelling procedure 
efficient, the expert was able to use the tissue maps from the automatic tissue segmentation 
as a guideline and could choose to follow the borders from the tissue segmentation or to 
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draw freehand. Subcortical regions, like thalamus and putamen, were often drawn freehand 
while cortical regions were drawn using the guidelines. It took about a week to manually 
label the whole brain for each subject.
The T1-weighted image for each of the 4 subjects was non-linearly warped to the AGES 
template and the resulting deformation fields were subsequently used to warp the manually 
labelled regions into AGES space. Each region was separately warped using trilinear 
interpolation, initially resulting in “fuzzy” ROI volumes. The individual regions were then 
left-right mirrored and averaged with the non-mirrored to construct a symmetric initial atlas, 
where each voxel describes which region that is most likely. MRI scans for 3 other subjects 
were manually labelled for validation purposes and were not used to create the atlas.
The initial atlas was used for regional segmentation of the template subjects. This was done 
by first warping the template to each subject’s T1-weighted image and then applying the 
same deformation field to the atlas in order to warp the atlas containing all regions to each 
individual subject using nearest neighbour interpolation. The regions were then constrained 
by the tissue segmentation of the individual subjects so that WM voxels would not get 
classified as being GM or CSF regions. A reclassification was done for voxels where it was 
clear which region they should belong to. For instance, in the case that a WM voxel would 
be classified as occipital GM, it would be reclassified as occipital WM instead. Voxels where 
no reclassification could be made were left unlabelled. The segmented image containing all 
regions was warped back to the AGES space using nearest neighbour interpolation. In AGES 
space, each region was mirrored to construct a symmetric population-based probability map 
for each region based on the automatic segmentation of the 314 template subjects, resulting 
in 56 different probability region maps where each voxel has a probability value between 0 
and 1. Regional max-likelihood atlases were finally created for CSF, GM and WM. For a 
given voxel and regional atlas, this was done by searching through all probability region 
maps of the given tissue and labelling the voxel with the number of the region having the 
highest probability. A regional atlas containing all 56 regions from all tissues was also 
created.
2.5. Regional segmentation pipeline
The regional segmentation pipeline is shown in Figure 1. It started with warping the AGES 
template to the subject’s T1-weighted image, where the deformation field obtained was used 
to warp the regional CSF, GM and WM atlases to the subject’s T1-weighted image. The 3 
warped regional tissue atlases were then multiplied with the subject’s corresponding tissue 
masks (previously obtained from the global tissue segmentation pipeline), and the results 
were summed together to form the final regional segmented image. This procedure used 
ANIMAL for warping and was evolved from the ANIMAL+INSECT method by Collins et 
al. (1999).
2.6. Validation
The validation was divided into two parts: reproducibility and accuracy. Reproducibility 
measurements were obtained using the repeated scans of the 31 subjects, where each subject 
was scanned twice the same day and the two visits were processed through the regional 
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segmentation pipeline independently. The repeated scans were used for testing the 
reproducibility of the whole process, from the generation of the images in acquisition to the 
results from the regional segmentation pipeline.
The Dice Similarity Coefficient (DSC; also known under other names, such as the Sørensen 
Index) was calculated for each subject and region to test the agreement of the repeated scans 
on a subject level (Zijdenbos et al., 2002). DSC is given by
(1)
where A and B are the regional volumes to be compared, in this case between the first and 
the second visit for a given region. This measurement gives a value between 0 and 1 for each 
region. A value close to 1 indicates a strong agreement.
The within- and between-subject Coefficient of Variations (CV), a commonly used 
parameter of measurement variability (Huo et al., 2015; Grech-Sollars et al., 2015), was 
calculated to assess regional volume reproducibility. In contrast to standard deviation, which 
must always be understood in relation to the mean, the CV metric is a normalised variance in 
percentage for each region. This makes it possible to compare the CV values between 
regions. The within-subject CV is given by
(2)
where σW is the standard deviation of the difference between the two visits across subjects 
and μ is the average volume of the region for both visits across all subjects (Quan and Shih, 
1996). The between-subject CV is given by
(3)
where σB is the standard deviation of the average between the two visits across subjects and 
μ is the average volume of the region across all subjects. Since the subjects are scanned the 
same day, we should expect the within-subject CVW to be lower than the between-subject 
CVB. To assess and compare the CV performance across regions, the Index of Individuality 
ratio  was calculated. For reproducibility testing, where there should be no 
differences between visits, we expect to get a low IoI defined as IoI < 0.60 (Harris, 1974). 
The Spearman correlation between mean reproducibility DSC and regional volume across 
regions was finally calculated to see if reproducibility results are driven by volume. This was 
done both with and without Pineal Gland, which is a very small region compared to all other 
regions and could therefore be considered an outlier volume wise.
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Accuracy measurements from manually segmented images were obtained using brain 
images of 3 subjects that were labelled by an anatomical expert. The accuracy was tested by 
calculating DSC for each region between the manual and automatic segmentations of these 
subjects, and the Spearman correlation between mean accuracy DSC and the regional 
volume across regions was calculated to see if the accuracy results are driven by volume, 
again with and without Pineal Gland.
3. Results
3.1. Template and atlases
The final T1-weighted template and corresponding max-likelihood atlases are shown in 
Figure 2. Table 2 provides the characteristics of the 314 subjects. The four rows in Figure 2 
show the T1-weighted template, regional CSF max-likelihood atlas, regional GM max-
likelihood atlas, regional WM max-likelihood atlas, and the final regional max-likelihood 
atlas that includes all regions. The regional max-likelihood atlases are used in the regional 
segmentation pipeline, as shown in Figure 1, and capture the inter-subject variability in 
AGES space, therefore overlapping each other. The regional atlas including all regions is not 
used by the tissue segmentation pipeline, but can serve as a general purpose lookup atlas in 
linear MNI space or in non-linear AGES space. Figures 3 and 4 show the T1-, T2-, PD-
weighted and FLAIR multi-spectral template, and the tissue probability atlases.
The T1-weighted template was generated through 17 cycles, where cycle 17 corresponds to 
the final template. Figure 5 shows the progression of the average template and the standard 
deviation at the end of each blurring level, and Figure 6 shows the standard deviation at each 
cycle, calculated as the square root of the average variance across all brain voxels. The 
anatomical features got sharper for each cycle while the standard deviation across subject 
decreased for the whole brain as the template became sharper. Both figures show that the 
template converged.
3.2. Reproducibility results
The reproducibility results are shown in Table 3 and in Figures 7–9. Pineal gland is included 
in the table but excluded from the figures to make them comparable with the accuracy 
figures where pineal gland is excluded due to its low DSC value. The figures show the DSC 
values for the 31 subjects in box plots. The median DSC value was higher than the mean 
value for all regions and a majority of regions (50 out of 56) had a DSC value above 0.8 
while the remaining 6 regions had a DSC above 0.7. The IoI ratio showed that all regions 
had an IoI lower than 0.50. The Spearman correlation between mean DSC and volume was 
0.042 with pineal gland and −0.006 without pineal Gland, thus providing no evidence that 
reproducibility results should be driven by volume. Figure 10 demonstrates the performance 
of the regional segmentation for seven randomly selected repeated subjects. The two first 
rows represent visit 1 and the two last rows represent visit 2.
3.3. Accuracy results
The DSC results from the accuracy validation are shown in Table 4 and in Figures 11–13. 
The DSC range of the figures is from 0.5 to 1.0, which is why pineal gland with an average 
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DSC of 0.227 is excluded in the figures but not the table. The average DSC across all 
regions was 0.84 and the overall results show that 48 out of 56 regions had a DSC of 0.7 or 
higher. The kappa values for the other regions were between 0.6–0.7, except for pineal gland 
with an average DSC of 0.227. The Spearman correlation between average DSC and volume 
was 0.703 including pineal gland and 0.687 excluding pineal gland, which indicates that 
larger regions are more likely to get a high DSC value compared to smaller regions.
4. Discussion
4.1. Validation results
We have developed a multi-spectral template with corresponding tissue probability atlases 
and regional atlases optimised for old subjects based on automatic segmentation of 314 
subjects, where 56 regions were divided into 3 tissue specific max-likelihood regional 
atlases. The generation of the template was monitored and showed to converge. A regional 
segmentation pipeline that used the template and the max-likelihood atlases was created for 
the purpose of validating the integrity of this work. The accuracy testing showed that out of 
56 regions, 48 regions had average DSC > 0.70, 37 regions had average DSC > 0.80, and 25 
regions had average DSC > 0.90. Common for all regions with accuracy DSC < 0.70 is that 
they were small in size (less than 6000 mm3) and still had a DSC > 0.60 (with an exception 
of pineal gland). The mean accuracy DSC for all regions was 0.84.
For reproducibility, we expect to get a low IoI, defined as IoI < 0.60, and the reproducibility 
test showed IoI < 0.5 for all regions. Also, the mean reproducibility DSC > 0.70 for all 
regions. The results also showed that the mean reproducibility DSC is lower than the median 
DSC for each region. One reason is that DSC cannot exceed the value 1.0 and is therefore 
not normally distributed. This means two things; there were more subjects above than below 
the mean DSC and the subjects below the mean DSC were more spread out. For this reason, 
the median value is also important to take into consideration.
Whereas accuracy validation showed a strong correlation between volume and mean DSC, 
the reproducibility test did not show such a relationship. This shows that the level of 
reproducibility is not related to the size of the regions, which is important for longitudinal 
studies where the same brain is scanned twice with some time difference.
4.2. Comparison with other studies
The AGES atlas covers the whole brain and includes both cortical and subcortical regions. 
Cortical regions are difficult to objectively define from structural MR images since there is 
no clear visual border between different lobes. This section is therefore limited to the 
subcortical regions, which are well defined and should thus be comparable between studies.
The DSC measurement is a common method for validation and a comparison of DSC results 
between studies is given in a review of atlas-based segmentation (Cabezas et al., 2011). 
Some of the studies use a multi-atlas fusion technique, where each atlas corresponds to a 
single manually labelled subject (Heckemann et al., 2006; Aljabar et al., 2009; 
Artaechevarria et al., 2009; Lötjönen et al., 2010). In this approach, each atlas is registered 
to the target image to be segmented and a vote rule decision is applied to get a concensus 
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region for each voxel. Another multi-atlas technique is given by Fischl et al. (2002) and Han 
and Fischl (2007), where an atlas was built based on probabilistic information estimated 
from a number of manually labelled subjects.
Table 5 compares average DSC from these studies with the accuracy results from AGES. 
The regions included are caudate, thalamus, putamen, globus pallidus (pallidum), 
hippocampus, and amygdala. The average DSC in AGES for these regions was 0.83, while 
the lowest DSC was 0.68 (globus pallidus). In the case of globus pallidus, there is one 
accuracy subject that had much lower accuracy DSC than the other two subjects. The other 
two accuracy subjects had a mean globus pallidus DSC of 0.733. This may be due to the 
reproducibility variance, reflected by the broad range of reproducibility DSC values found 
for this region, showing that a rescan of the same subject may result in a different result. 
This is also reflected by the high CVW value for globus pallidus, which was higher than 
many other regions. Globus pallidus is a common place for infarcts in old subjects (Mori, 
2002), which may affect both the accuracy and reproducibility results. However, the IoI 
value for globus pallidus was 0.29, which is still considered good.
Common for all studies in this comparison is that their cohorts average age are younger than 
the AGES cohort. Given the heterogenous nature of an old cohort, it is more challenging to 
get a good result. The DSC values depend to a high degree on the cohort, the testing data 
and the definition of the different regions. A quantitative comparison between studies based 
on DSC is therefore difficult, but can at least give an indication to whether or not a particular 
study gives decent results. One can also notice that not a single study outperforms the others 
for all the regions. This comparison demonstrates that the AGES result is on par with other 
studies of younger populations.
4.3. Purpose
The aim of this study was to create a multi purpose brain template and corresponding atlases 
in a common non-linear space made specifically for ageing research, which may be used for 
multiple purposes. There are various applications which may benefit from this multitude of 
data in a common coordinate space. The regional atlases can be used for both regional 
segmentation on individual level and as a lookup-atlas in a common coordinate space for 
group comparisons. The multi-spectral template can be used as a common registration target 
for ageing research, and the tissue probability atlases can be used both as priors for tissue 
segmentation and as registration targets. In VBM studies, a non-linear study specific GM 
probability atlas is often constructed to use as a target for the individual subjects’ GM maps 
in order to avoid registration bias (Good et al., 2001). By using the GM tissue probability 
atlas from the AGES space, it is possible to obtain a deformation field between the AGES 
space and the VBM study space and use this deformation field to warp the GM max-
likelihood regional atlas and use it as a lookup atlas in the specific VBM study.
4.4. Study strengths and limitations
The main results in this study show that we have a robust template and atlases that have been 
validated thoroughly for an old cohort using a regional segmentation pipeline. This has been 
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done through a comprehensive validation by testing both the accuracy and reproducibility of 
the segmentation procedure. All this taken together make these atlases and template unique.
The design goal of creating a multi purpose non-linear symmetrical multi-spectral template 
with corresponding atlases required a common coordinate space. The regional segmentations 
on individual level were used for validating the integrity of this space. Using a multi-atlas 
fusion technique for regional segmentation on individual level was for this reason not an 
option as it would not test the integrity of the common coordinate space. However, by 
separating the regional atlas into different regional tissue-atlases, the inter-subject variability 
is well contained. Another design decision was whether or not to manually label the AGES 
template. Since the AGES template is an average brain, it would be difficult to manually 
label regions that are fuzzy. It was therefore decided to manually label individual subjects 
that are then warped onto the template to create an initial atlas. The template includes a few 
MCI and dementia cases to make the template more representative for an elderly population 
in general. Note that although the template was constructed in linear MNI space, its non-
linear features are based on the AGES-Reykjavik cohort. Thus, no spatial distortions were 
introduced by the linear registration to MNI space. The template and atlas were made 
symmetrical to prevent bias due to asymmetrical variability across subjects.
There are some limitations in this study that need to be highlighted. Only seven subjects 
were manually labelled, of which three were used for accuracy testing. Many more subjects 
would be necessary to make the accuracy tests statistically meaningful. Unfortunately, 
manual labelling of the whole brain is a time consuming process and the study was for this 
reason limited to seven subjects. Given this limitation, a choice had to be made between the 
number of subjects to be used for constructing the initial atlas and for accuracy testing. Here, 
one could choose a jackknife procedure and use six subjects for creating the atlas and keep 
one for testing, giving seven different atlases with one test subject for each atlas. However, 
that would only give one accuracy test subject per atlas, making it difficult to judge the 
performance of each atlas. Instead, four subjects were used for creating the initial atlas and 
three subjects were used for accuracy testing, which was thought to be a fair balance. The 
accuracy results have to be considered with this in mind; still, it gives some insight into how 
well a few cases are regionally segmented by using this atlas.
Since none of these subjects were labelled twice, the intra-rater reproducibility is unknown. 
This means it is impossible to tell if a lower DSC value is due to inconsistency of the human 
expert or a property of the pipeline. However, a poor quality in the manual labelling would 
probably be shown as both poor accuracy and reproducibility in the validation, and the 
validation procedure is thus indirectly also testing the quality of the manual segmentations.
The ageing brains are affected by large morphological changes. In that aspect, an old cohort 
is more heterogeneous than a young cohort. Since the calculations of the accuracy DSC 
metric are limited to only three subjects, more subjects would absolutely be needed to 
represent every aspect of the ageing brain. To compensate for this, repeated scans from 31 
subjects were also included to measure reproducibility using DSC and CV. It is important to 
note that the DSC between the accuracy and reproducibility are not comparable. Both the 
reproducibility of the automatic tissue segmentation and the regional segmentation are tested 
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using the repeated scans. However, in the manual labelling procedure, the automatic tissue 
segmentations were used as guidelines and the labeller could choose to follow these 
guidelines or draw freehand. The guidelines were often followed for the border between GM 
and WM in cortical regions, but less so in subcortical regions. By following these guidelines, 
it was thought that this would increase the quality of the atlas in regions where the automatic 
tissue segmentation did a good job (as judged by the labeller). This however inevitably 
increased the DSC slightly in regions where the border between GM and WM was defined 
by the automatic tissue segmentation. This is thus not a limitation of the construction of the 
atlas, but it is a limitation in the accuracy testing.
The quality of the input scans is limited to 1.5 Tesla, which especially impacts non-T1-
weighed scans where the slice thickness is limited to 3 mm. However, this is to some degree 
compensated by averaging across 314 subjects in a supersampled non-linear space, where it 
was possible to reduce noise and achieve details not seen in the individual subject images 
(see Figure 3 and 10).
A few regions had accuracy DSC < 0.70. This indicates less accurate results for these 
regions. However, most of these regions were close to 0.70. Only pineal gland had a low 
accuracy, which is due to its small size making it a difficult region to segment automatically, 
an example of that granularity level matters. For reproducibility testing, the range of the 
DSC values per region indicates that a few subjects are below DSC < 0.70 for some regions. 
Nevertheless, besides pineal gland, all regions had a DSC > 0.70 for the first quartile. Also, 
IoI was below 0.50 for all regions. Taken together, this demonstrates the template and atlases 
to be robust.
This study did not include a comparison with another atlas using the same subjects. Given 
that the test subjects are labelled specifically for this atlas, it would be difficult to use the 
accuracy test subjects to test a different atlas with different regions.
4.5. Conclusions
There are many freely available atlases that can be used for brain studies, but most are 
generated from relatively young individuals. The results of this study show evidence of a 
robust multi-spectral template with corresponding atlases from an ageing population. The 
template and atlases are publicly available from www.hjarta.is/atlas.
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• A number of studies have identified a need for population-specific brain 
templates and atlases.
• To fill this need for ageing populations, a publicly available multi-spectral 
template is introduced with corresponding tissue probability atlases and 
regional atlases, optimised to use in studies of ageing cohorts (mean age 75±5 
years).
• A custom made regional segmentation using the template and regional atlases 
was developed to validate the integrity of the work.
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Regional segmentation pipeline. The AGES template is warped to the subject’s T1-weighted 
image and the deformation field is used to warp the corresponding tissue atlases, which are 
then multiplied by the subject’s tissue masks. The results are finally added together to form 
the final regional segmentation image.
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From top to bottom: The final template (T1-weighted), CSF regional tissue atlas, GM 
regional tissue atlas, WM regional tissue atlas, and finally the combined regional atlas for all 
tissues. The combined atlas is not used by the regional segmentation pipeline but can be 
used as a lookup-atlas in linear MNI space or non-linear AGES space.
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The multi-spectral template with the four image modalities: T1-, T2-, PD-weighted, and 
FLAIR.
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The tissue probability atlases: CSF, GM, NWM and WMH.
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The progression of the average template (top row) and the standard deviation of the template 
(bottom row) at the end of each blurring level. From left to right: Initial linear registration 
phase, 8 mm FWHM, 6 mm FWHM, 4 mm FWHM, 2 mm FWHM, and 1 mm FWHM 
blurring level.
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The template’s standard deviation for each cycle, calculated as the square root of the average 
variance across all brain voxels. The larger dots represent the end of each blurring level. The 
first dot represents the initial linear registration (L).
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DSC reproducibility results for cortical regions.
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DSC reproducibility results for WM and CSF regions.
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DSC reproducibility results for subcortical regions.
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Repeated scans for seven subjects. The two first rows represent visit 1, the two last rows 
represent visit 2 from the same day.
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DSC accuracy results for cortical regions.
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DSC accuracy results for WM and CSF regions.
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DSC accuracy results for subcortical regions.
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Table 2
Characteristics of the template subjects
Characteristics of the template subjects (n=314) by sex, with standard deviation and range.
Demographics Overall Men Women
n = 314 n = 124 n = 190
Age 76.2 ± 5.4 [66,92] 76.4 ± 5.2 [67,88] 76.1 ± 5.6 [66,92]
Body Mass Index 26.9 ± 4.2 [16.9,44.8] 26.7 ± 3.8 [18.2,37.5] 26.9 ± 4.5 [16.9,44.8]
Cognitive status
Normal 265 (84.4%) 103 (83.1%) 162 (85.7%)
Mild Cognitive Impaired 33 (10.5%) 10 (8.1%) 23 (12.2%)
Dementia 15 (4.8%) 11 (8.9%) 4 (2.1%)
Hypertension status
No 13 (4.1%) 5 (4.0%) 8 (4.2%)
Previous 52 (16.6%) 16 (12.9%) 36 (18.9%)
Current 249 (79.3%) 103 (83.1%) 146 (76.8%)
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